Green parks in urban areas are believed to enhance the well-being of residents. The importance of green spaces to support health and fitness in urban areas has recently regained interest. Reports released in 2010-2016 by the World Health Organization (WHO) on urban planning, environment, and health stated that green spaces can have a positive impact on physical activity, social and mental well-being, enhance air quality and decrease noise exposure. We analyzed the number of check-ins in various parks of Shanghai by utilizing geotagged social media network check-in data. This article presents a descriptive study using social media data by obtaining the three-year comparison of spatial and temporal patterns of park visits to raise public awareness that green parks provide a healthy environment that can be beneficial for the wellbeing of urban citizens. We investigated the visitor spatiotemporal behavior in more than 115 green parks in 10 districts of Shanghai with approximately 250,000 check-ins. We examined 3 years of geotagged data and our main findings are: (i) the spatial and temporal variations of users in urban green parks (ii) the gender differences in space and time with relation to urban green parks. The main objective of this article is to present evident data for policymakers on the advantages of providing green spaces access to urban citizens and to facilitate cities with systematic approaches to provide green space access to improve the health of urban citizens.
I. INTRODUCTION
Urban green spaces, especially in parks, provide a wide range of advantages, such as mental and physical health and social benefits [1] . Park visits provide opportunities to explore the advantages of a natural environment especially for citizens living with limited natural interaction [2] , [3] . Quantifying visits to urban green parks by residents and to understand the factors influencing their visits are crucial for urban park planning and management. Traditional techniques for analyzing visitor numbers include visitor surveys, direct observation, interviews and on-site counters [4] , [5] . Such techniques of systematic observation usually choose or select a representative sample of urban green parks and gather data on park utilization, such as the frequency of visits, activities, and behavior. However, such techniques are typically The associate editor coordinating the review of this manuscript and approving it for publication was Yudong Zhang . site-specific as well as inefficient and therefore have limited spatial coverage [6] , [7] .
Urban areas are usually characterized by degraded environments, growing pollution, increased temperatures, and declining urban green spaces. Urban green spaces are essential for enhancing the quality of life in urban areas, balancing the heat budget and offering thermal comfort [8] and assisting people to recover from the mental and physical stress of their day-to-day lives [9] . Urban green spaces are essential to improve the living circumstances in urban areas by enhancing air quality and aesthetics, which ultimately results in increasing real estate values and lowering energy usage for cooling. Urban green spaces can also be used as an extensive tool for viable urban areas development [10] . Urban green spaces also provide much-needed space for kids to play, which is essential for their social, physical and cognitive development [11] . Open public spaces were established in the UK (United Kingdom) and the USA (United States of America) in the 19th century to improve the health and quality of life of the working classes who were living in miserable conditions [12] . This study showed that the distance from home to the parks also has an effect on the frequency of the green parks usage when it is first designed; people have confidence in the possible health impacts that may result from open green spaces. They expressed the hope that the green parks would decrease diseases, social conflict and crime, as well as provide ''green lungs'' for metropolitan places [12] . Easy access to urban green parks is of growing importance in the design of sustainable, safe and viable cities [13] , [14] . The researchers neglect some spatial aspects (mostly when performing sentiment analysis using Twitter data) [13] , [15] , or, on the contrary, studies that consider only the spatial aspects of green park visits [15] , [16] and the improvement of health [17] . Even just a limited number of studies have concentrated on the problem of the direct influence of park visits on physical activities or health [18] , [19] .
Although studies to date have enhanced our knowledge of factors related to psychological disorders, a major restriction of previous research is that it depends strongly on small, often homogeneous samples of people who might not be normally representative of the larger population. Furthermore, these investigations are typically focused on surveys, dependent on retrospective self-reports about mood and health observations: a technique that restricts temporal granularity. In other words, such assessments are intended to compile high-level summaries of experience over long periods.
Many studies have shown an awareness of spatial physical factors affecting park access and use [20] , [21] . The most significant factors influencing park use were found to be the natural environment, the sense of space, the level of quietness, and the accessible park services, while the authors stated that distance to the park was the main factor that determines park accessibility [22] . Several other studies highlighted that socio-demographic factors could be offset to the significance of such spatial-physical factors [23] , [24] . For example, Byrne et al., 2009 [25] observed that cultural reasons cannot fascinate people to visit neighboring parks. To fill this knowledge gap, both physical and non-physical dimensions have been examined in recent studies [26] , [27] . For example, Wang et al. [28] mentioned that both social and physical factors, such as green park closeness and a pleasant walking environment, were statistically important to the perceived accessibility to the parks in Brisbane, Australia. The use of the park facilities is also linked to the accessibility of means of transport and their actual use among residents. However, these factors have also been studied individually or thoroughly in previous research, and the relationship between these factors and park facilities might still be varied based upon the location of green parks and city context.
Kernel density estimation (KDE) is a method to consider disclosure at any point within a spatial frame, irrespective of administrative boundaries. A detailed comparison between two similarly populated areas was carried out using KDE to study the disparities in health or any other issues related to public health [29] . Earlier, KDE was used as a Geographic Information System (GIS) method to measure the effects of neighborhood features on chronic disease rates, including coronary heart disease and other stress-mediated, dietary and weak-developing contributing agents [29] , [30] . KDE could be used to fulfill the frequent need to analyze health data from fields of different sizes and populations [29] , [31] . Authors in [32] used social media data and KDE to examine the spatial and temporal patterns of use of urban green parks and the external factors that contribute to their use. The density of food shops was measured differently in order to assess the availability or accessibility of food stores or fast food outlets [33] , [34] . Frequently used measures include, for example, basic density techniques, i.e., the number per area [35] , [36] or capita [37] , or kernel density techniques that give more weight to restaurants and stores, depending upon the distance to the point of observation [38] .
Reports from the WHO have previously provided evidence and recommendations on access to green spaces in regard to public health advantages. The reports of WHO based upon urban planning, the environment, and health released in 2010 [39] reveals that urban green spaces can have a positive impact on physical activity, psychological and social well-being, enhance air quality and reduce noise exposure. Another WHO report examined the impact of green spaces on physical activity and their ability to reduce inequalities in public health. This report states that ''access to public open space and green areas with appropriate recreation facilities for all age groups is needed to support active recreation''; however, it identifies that intersectoral and multidisciplinary approaches might be required to support disadvantaged groups with the lowest levels of physical activity [40] .
Different models have been implemented to define the connection between green spaces and health, Hartig, T. et al., 2014 [41] recommended four major principles and interactive structures from which nature or green spaces may contribute to health, enhanced physical activity, better air quality, reduced stress and increased social cohesion. Numerous studies have revealed that green spaces, for example, public green parks, can decrease noise and air pollution [42] , [43] , increase mood and related mental outcomes [44] , positively affect self-reported health [45] , [46] , lower cumulative danger of cardiometabolic diseases [47] and reduced metabolic syndrome scores [48] . There is also some evidence that walking in a natural atmosphere compared to urban areas has benefits in terms of physical and psychological rehabilitation in young people [49] and also in elderly patients with high blood pressure [50] .
In this study, our objective is to examine the behavior of the public toward the green parks visits using Weibo as a source of a location-based social network (LBSN). The contributions of the paper are twofold, and can be summarized as follows: (i) The difference in user's behavior towards green parks over 3 years, either by the impact of public awareness reports released by WHO or more interest in using social networks while performing activities in green parks and, (ii) Gender preference to utilize the green parks facilities for the purpose of health restoration or interest in using location-based social networks.
II. MATERIALS AND METHODS
In this article, we examined the spatiotemporal park visiting patterns of 115 parks along with 250,632 check-ins. The data is collected from the famous chinese microblog sina-weibo, also known as weibo, and our main findings are as follows: Comparison of the three-year check-in data collected from weibo for the spatial analysis yearly, weekdays and weekends. Also, we observed the monthly check-in behavior of the people towards green spaces that represent real-life trends. We also investigated gender differences through spatial and temporal patterns. This strategy of capturing visitor behavior in urban green parks is an attempt to address the shortcomings of earlier studies. This approach paves the way for the use of crowded and social network data in the socio-ecological field research instead of depending on the results of observational data and subjective reporting.
A. STUDY AREA AND DATASET
The metropolitan city of Shanghai along with the Yangtze River Delta is a part of the alluvial plain, with an average altitude of about 4 m. From east to west, there are slight topographical slopes. The topography is a flat plain except for a few foothills in the southwest. Shanghai belongs to the northern subtropical humid monsoon climatic area with four seasons, full sunshine and plenty of rainfall. Therefore, hot extremes and urbanization in such a metropolitan area have a significant impact on both the public's health and the state's economy. Shanghai is the tenth-largest and most important agglomeration area in the globe and also claims a process of urbanization, which is both relatively early and extremely rapid. When the UN (United Nations) revealed the future forecast of prospects for urbanization, it reported that the urban population of Shanghai was ranked second in the world and first in China [51] . Shanghai City is one of the fastest-growing major cities in the globe with 22,125,000 people living in an area of 4,015 [52] . In the Shanghai municipal boundaries, the total number of green spaces is 366 [53] . The study area includes the 10 districts with green parks, which makes it easier for the residents of the city to engage in healthy activities.
The city of Shanghai was divided into 16 county-level divisions in 2016: 15 districts (Baoshan, Changning, Fengxian, Hongkou, Huangpu, Jiading, Jingan, Jinshan, Minhang, Pudong New Area, Putuo, Qingpu, Songjiang, Xuhui, and Yangpu) and 1 county (Chongming) [54] . Seven districts (Changning, Hongkou, Huangpu, Jingan, Putuo, Xuhui and Yangpu) are situated in Puxi (literally Huangpu West). These seven districts are called the city center or downtown of Shanghai [55] . The study area considered for this study consists of 10 districts, including Baoshan, Changning, Hongkou, Huangpu, Jingan, Minhang, Pudong New Area, Putuo, Xuhui, and Yangpu, as shown in Figure 1 .
The dataset used to access the number of urban green park visits is gathered from a popular Chinese micro-blog ''Weibo''. Weibo is indeed the Chinese Twitter equivalent as well as the largest social media blog in China. The number of Weibo users is very large and it represents the largest available geo-tagged datasets. Based on the most recent Weibo's yearly report, Weibo declared that in 2018 they had more than 500 million registered users actively using the platform, and in December 2018 they had monthly active users hitting 462 million [56] . The demographic characteristics of the users of Weibo are indeed not consistent with the overall population.
Public interfaces for Weibo's location-based services (LBS) were launched on 28 May 2012. Since then, Weibo users have been able to share their real-time locations on the Internet. As one type of fine-scaled accessible crowdsourcing data, the Weibo check-in data was the most suitable dataset we could acquire as a proxy for estimating real park visits. However, earlier research concentrating on 87 urban parks in Shanghai, China, has shown an important connection between Jiepang social media platform check-in data and official visitation statistics [57] . Furthermore, previous research has shown that data from Weibo check-ins can well represent the preferences and activities of people in urban areas.
Utilizing Weibo check-in data [58] a novel model has been suggested that integrates various dimensions of the urban environment function network and thus enriches the urban network system description. Moreover, while using Weibo check-ins as a visitation proxy is still rare, previous research using data from comparable social media platforms, such as Twitter, Instagram, and Flickr, have observed important beneficial associations between official visitor stats and the number of visitors estimated on these platforms [7] , [59] . Weibo application program interfaces (APIs) facilitates the provision for the collection of data.
The dataset was retrieved from Weibo and covered a period of 3 years, from July 2014 to June 2017. After accessing this information about the location, we came to find that some of the locations we got were not green parks (for example, pedestrian walkways, the former residences of celebrities and sculptures). We examined the locations one by one and deleted those that were not within the park category but we included the parking areas that were just connected or a part of a park. Some parks that are bigger in the area and have more than two location IDs, such as garden areas, children playing areas and BBQ areas have been merged into a single location ID. After pre-processing and cleaning, a total of 250632 geo-tagged visits to parks in 10 districts of Shanghai were considered for the study. Data collection was done using the Python Programming Language (version 2.7.12). The data was filtered for anomalies, fake users and invalid records, which includes;
• The geographical location of data resides only in Shanghai;
• The minimum number of check-ins per park must be 100 within the duration of the study;
• Each record must have a user ID, geo-location (latitude and longitude), time, day, month, year and gender; and
• Parks that are divided into multiple geo-locations within the green parks were merged into a single geo-location.
B. METHODS
In the current study, we analyzed the Weibo based geolocation dataset (July 2014 to June 2017) in 10 districts of Shanghai, China. Figure 2 presents the check-in behavior analytics framework, where the LBSN data analysis methodology involves; data pre-processing and cleaning, spatial and temporal analysis of LBSN data and statistical evaluation to provide the significance of LBSN data. The Weibo dataset that is used for the current study contains information such as the unique user ID and time and date of check-in. Additionally, the information about geo-location (longitude and latitude) and gender were collected via the Weibo API. Therefore, it is assumed that the LBSN dataset archives day-to-day patterns of activity, behaviors of use towards social media, and spatial-temporal evidence, which are related to the daily routines of users [60] . JSON is a Java programming platform format that is the most widely used data format, while Java is regarded as the main programming language with open-source public reader and writer modules [61] . The data was processed into a CSV (commaseparated values) format file through selected software so that all user information including geo-locations can be listed irrespective of publication time and stored in a database as shown in Figure 2 . Table 1 presents an example of a ''checkin'' in the CSV file. Given the heterogeneity issue, it is necessary to select only parks with more than 100 check-ins to constitute the sample of users, in order to ensure a relatively high level of representativeness. 
2) STATISTICAL ANALYSIS
In order to discover the significance of explanatory variables, it was imperative to explore the predictors (explanatory variables), and the impact on the response variable (Number of Check-ins) statistically. To implement this model, we used the following regression equation: 
After applying a linear regression model our fitted value equation becomeŝ 
We applied the linear regression model using the variables that have a moderate correlation with the dependent variable, in our case Number of Check-ins is the dependent variable, having correlation values between 0.10-0.50. With regards to inference for the model, the p-value of the model's F-statistic indicates that the model as a whole is significant. It should be noted that not all predictors have a significant p-value, as the model was developed using the highest adjusted R2 presented in Table 3 . Table 2 interprets the model coefficients, in which Changning shows that, for each unit increase in the value, the Number of Check-ins is increased on average by approximately 2.73%, with a very low p-value. Similarly, for each unit increase in the value of Huangpu, Jingan, and Yangpu, the Check-in Time is increased on average by approximately 1.84%, 1.38%, and 1.66% respectively, with a very low p-value.
Here, we can see that all independent variables are significant predictors based on their P-values [62] , as shown in Table  4 . For statistical analysis, we used the statistical programming language R [63] and used RStudio [64] to perform basic descriptive and regression analysis.
3) TEMPORAL ANALYSIS
In order to trace the changes in visitor behavior, timestamps with check-ins can be divided into different temporal categories. We aggregated the distribution in three different year intervals, including July 2014-June 2015, July 2015-June 2016 and July 2016-June 2017. The weekly trend determines whether green parks are more beneficial on weekends than during the week, on the basis of check-ins recorded. Similarly, the monthly distribution of check-ins between genders provides the overall trend showing which gender is more likely to use green park facilities. We used binary logistic regression to estimate the correlation and effect of the variables. In addition, we used Tableau 2019.2 for visualization techniques for exploring and analyzing relational databases and data cubes.
4) SPATIAL ANALYSIS
We used KDE to construct a smooth surface density in the geographic area for check-ins hot spots. KDE is a non-parametric technique for estimating the density of a random sample of data [65] . Each data point is smoothed by KDE into small density bumps, and then all these small bumps are combined to make a final density estimate. The method of KDE has been widely used for spatial distribution [66] - [68] . KDE defines the spatial density distribution integrated with the impact of distance-decay and projects the hotspots by converting scatter point data into a continuous surface of density [69] .
KDE is an evolving spatiotemporal means that has earlier been used [70] , [71] to examine several characteristics of the social media (but not limited to LBSN) data analytics such as users' online activity and movement patterns [72] , check-in behavior [73] , city boundary definitions [74] , [75] and point-of-interest recommendations [76] . It also examines the diffusion of destinations in neighborhoods, enabling researchers to see where densely distributed destinations are and where these are more dispersed. Lastly, it attempts to create a smooth density surface in the geographic space of spatial point events [61] .
KDE is an efficient measurement of the spatial structure of visitor density within a study area. KDE is a statistical approach used to estimate a smooth and continuous distribution from a limited set of observed points [77] . The data considered in our study is in the form of geo-tagged checkins. Let ''E'' be a collection of historical data for check-in, i.e., E = {e 1 , . . . , e n } where e i =< x, y > is a check-in geo-location1 < i < n, of individual i and on time ''t'' where ''E'' represents the dataset we used. The sum of the functions of the kernel is scaled to create a smooth curve that is an area of the unit. This results in the following form of a KDE bivariate;
where ''e'' refers to the check-in location in dataset ''E'' along with bandwidth ''h''. ''h'' is assumed to be dependent on the estimated density ''f KD '', generating a smooth density surface around ''E'' at the data point ''e i ''. ArcGIS 10.0 is used for spatial analysis to analyze the spatial distribution of check-ins in space. ArcGIS 10.0 (Environmental Systems Research Institute, Inc., Redlands, CA, USA) software with a Shanghai map generated in 2016 having Geodetic Coordinate System WGS_1984 was used. Base-map hierarchical data also included the major transport lines (lines layer) and the administrative units (polygon layer, along with district layers), with the latest subway lines and entrances (point layer) from OpenStreetMap.
III. RESULTS AND DISCUSSIONS
After filtering the data collected from Weibo, 115 green parks were selected for this research, as shown in Figure 4 .
We used the Weibo geo-location-based check-in dataset for spatial analysis by utilizing KDE to analyze the spatial distribution of check-ins and visualizing this dataset in ArcGIS. As can be seen in Figure 5 , areas shaded in red show a higher density of individuals, a higher frequency of activity and a higher concentration of social media usage. It is no wonder that the city center has large activity clusters and demonstrates an overall density of check-ins over the study period in Shanghai.
Moreover, for further analysis, we compared 3 years of check-in distribution and it can be clearly shown that there is a huge difference between the density each year. From Figure 6 , it can be seen that the frequency of Weibo usage while visiting green parks has increased every year but the increment was almost doubled for the year of July 2016-June 2017, which provides the indication that public is more interested in visiting green parks for different activities.
The number of check-ins increased slightly between July 2015-June 2016 but the number of check-ins between July 2016-June 2017 has increased enormously as shown in Figure 7 . The districts of Hongkou and Jingan have the lowest number of check-ins but with the passage of time, the check-ins increased slightly, but for the district of Jingan, where the increase in check-ins has increased enormously. Female users are more likely to use LBSN while they are performing activities in green parks. Table 5 presents the distribution of check-ins in regard to gender difference, for each month during the 3 years of duration. Figure 8 represents the difference between weekday and weekend check-in distribution for users in 10 districts of Shanghai. It is essential to remember that the ratio between weekdays and weekends is 5:2. The figure depicts that even though the ratio for weekends is less, the distribution of check-ins is high. Figure 9 shows the 3-year comparison of weekday and weekends check-in distribution of users to show behavioral trends. The decrease between check-ins on weekdays and weekends can be seen in Table 6 .
The check-in distribution in Shanghai districts was calculated using the KDE method, and the density maps are visualized using ArcGIS, in both space and time. Figure 10 reveals the spatiotemporal dynamics of 10 districts of Shanghai, and it reveals the difference of density between three years. In addition to a higher density of check-ins, most of the check-ins are made in parks near to the borders of the districts next to downtown or the city-center of Shanghai. Figure 11 represents the difference between male and female check-in distribution during the study period in 10 districts of Shanghai. There is an increasing trend in check-in density in each year. The figure reveals the ground truth that females contribute more than males in the usage of Weibo when utilizing green park facilities while engaging in different activities. Figure 12 illustrates the gender-related check-in distribution in districts of Shanghai considered for the study. The female users' contribution in the Pudong New Area district is the highest, followed by the Minhang district, similarly, the contribution of the male users in the district of Pudong New Area is higher when compared to the other districts. In the same manner, the number of check-ins in almost every district increased year by year. Figure 13 represents the weekly pattern for 3 years of check-ins in the dataset. The difference in the check-in behavior of male and female users during Friday, Saturday, and Sunday can be seen and is mainly due to a change in the check-in behavior of male users, which is far less than that of female users. Similarly, the same pattern can be observed from Monday to Thursday. VOLUME 8, 2020 However, for an in-depth analysis, we observed the gender check-in behavior over the month. Figure 14 illustrates a detailed analysis of the entire months in a year, and we observe a significant increase in gender-based check-ins during March, April, and May. Moreover, it can be observed that, during these months, the frequency was high in both genders and for July 2017, the increase in number is dramatic. The reason behind this is that these months are commonly represented as the summer season. Table 6 illustrates the detailed distribution of check-ins with respect to the districts and days in a week. The check-in distribution districts during Friday, Saturday and Sunday is relatively high as compared to the rest of the week while the districts of Baoshan, Minhang and Pudong New Area were prominent for having a high percentage of check-ins. Figure 15 shows the district and days trend for the overall check-ins within the study area. It can be observed that the overall pattern of check-ins is very high on weekends in Pudong New Area and Minhang district for every year, while similar patterns can be observed for weekdays as well.
The advantages of urban green parks linked with specific mechanisms for medical advantages and measures or indicators for the accessibility, availability and use of green spaces used in earlier studies [39] are addressed from the point of view of their relevance to public health and their applicability to monitor progress towards the objectives set out in international commitments, including the Parma Declaration in the European Region of the WHO and the Global Sustainable Development Goals.
First, this section discusses results focused on existing literature and scientific arguments to make it feasible for them to be meaningful and rational. The key findings are also identified by a comparison of 3 years of dataset results. This article used geotagged social media check-in data as a proxy to measuring the number of check-ins for urban green parks, which includes 10 districts of Shanghai as a case study. In comparison to the time and labor-intensive survey data, this approach is more time-efficient and also provides strong spatial coverage. Indeed, this approach also has its own limitations. As we do not have access to the observed number of visitation rates, we are still not able to test if there was a good correlation between both the check-in data and the observed visitation rates. The relation amongst both the Weibo check-in rate and the actual visitation may vary across green parks. The efficiency and effectiveness of the Weibo check-in data will be additionally validated when visitors ' statistics are made public by the park authorities in the coming years.
Finally, based on the results, we consider the LBSN dataset to be a novel source of big data with the capability, across a new viewpoint, to be an add-on to the observation of genderbased check-in density in space and time. KDE information can make it easier to study the dynamic evolution of checkins across both time and space. Also, the KDE results confirm that the behavior of the check-in distribution varies in fine temporal and spatial scales. These results also reveal that check-in data can represent more sophisticated phenomena and outcomes than traditional data with fine time and spatial granularity. Despite the difference of methodologies being used with different types of LBSN and datasets, both early studies [78] , [79] and the current study based on gender-based check-in behavior on LBSN, draw a similar conclusion that the female users are more likely to use LBSN than male users. Although the analysis of social media data has limits, it could be seen that an exhaustive temporal, spatial and content analysis may provide important information through the grasping of general trends. Thus, this analysis serves as input for more in-depth analysis and research in the field, providing more specific objectives for decision-makers and urban planners.
The results achieved in this research may have two factors i.e., either the WHO health-related awareness report has an impact on the substantial increase of public towards the use of green parks or the public is becoming more interested in using location-based social networks. The results presented in this research are discussed in detail as compared to earlier studies, Wendel et al., 2012 [5] analyzed the LBSN's photographs for recreational parks visitation while in our study we used LBSN's check-in data, which provides a more efficient and accurate way to carry out the research. Furthermore, this study investigated spatial variations in urban green parks, which was presented by Wenping et al., 2017 [80] , and, in addition, the temporal variations, along-with gender differences, are also provided. The study has been carried-out on a large-scale dataset to present more in-depth details on the influence of public behavior towards parks for healthy activities.
There are also some negative effects of green parks, for example, the evidence of an association among urban greenery, asthma and allergies are rather inconclusive. Lovasi et al., 2008 [81] observed that children living in an area with more gardens and trees in New York City had a low prevalence of asthma. A subsequent cohort study involving minor children in New York City did not demonstrate a hypothesized protective impact and in reality, showed a positive relationship between tree cover and infectious sensitization to tree pollen and the disease of asthma in children [58] . Another study in the United States revealed that pollen is connected with urban green parks and trees were one of the self-reported factors that cause asthma in Philadelphia [82] . Living near to green areas can be associated with high exposure to herbicides and pesticides, particularly when used inappropriately and at extreme levels. Green space health risks include arthropod-borne illnesses for example ticks (e.g., tick-borne encephalitis and Lyme disease), mosquitoes (e.g., Chikungunya fever and Dengue fever).
To the best of our knowledge, no previous research has been conducted for a comparison of a large-scale dataset for observing the behavior of green parks visitors, which can provide awareness about the minimization of serious diseases in comparison to WHO report [83] published in 2016 by performing healthy activities in green parks. This research might be the first case study using Weibo data to analyze the use of urban green parks concerning check-in behavior for a large number of green parks in Shanghai. The broad spatial coverage of this study provides useful information that could enhance urban green space planning and development in other cities. There is significant potential for encouraging moderate to vigorous physical activity among urban residents with the effective use of urban green areas. These results emphasize the significance of the use of urban green parks to improve the health of residents living in cities around the world.
IV. CONCLUSION
Urban green parks are areas where people can participate in health-improving physical activities. Therefore, studies exploring the relationship between green parks and their use are important for the restoration of human health. We investigated spatial, temporal and affective patterns of 3 years of visits to public parks using Weibo data for health purposes from frequent users in Shanghai and compared the check-ins of each year based upon weekly and monthly time frames to observe how the behavior of visitors is changing each year. Our findings show that the number of visitors is increasing year by year, and this LBSN based study draws a conclusion that female visitors are more likely to visit green parks than male visitors. These results emphasize the significance of concentrating on the use of urban green spaces to improve the health of urban residents around the world. The main objectives of this research were to raise awareness of green parks association with health, to provide evidence for policymakers on the advantages of providing green space access to urban residents and to provide the urban cities with systematic new approaches for quantifying and monitoring their access to green space to enhance the healthy activities among citizens.
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